The problems encountered by Nepalese farmers in the adoption of agricultural intensification (AI), and the constraints and complexities of sustainable AI are not thoroughly understood. This study analyzed factors influencing the adoption and extent of AI at household level in the Ansikhola watershed in the central mid-hills of Nepal. Data were collected from a survey of 310 households, four key informant interviews, and two focus group discussions. The results reveal that 63% of the sampled households practice AI, with differences in the area under cropping intensification. The binary logistic regression model results show that irrigation facility, higher crop yield, landholding size, access to credit, and distance to chemical fertilizer store have significant influences on adoption. Likewise, the linear regression model results show that total amount of fertilizer application, net income from cereals and vegetables, and distance to the chemical fertilizer store have significant influences on the extent of AI. The results of this study could contribute to formulating policies based on farmers' need, interest, and capacity in promoting sustainable agricultural intensification.
The cultivated land areas are of two main types: 1) Bari  the rainfed upland leveled or sloping terraces, and 2) Khet  the leveled terraces, generally located near streams. The Bari lands are grouped into two types, namely Gharbari (close vicinity to the homestead areas), and Pakhobari (less productive, separate plots, usually away from the homestead). Khet lands are also grouped into two types, namely Galkhet (terraces with irrigation facilities) and Tarkhet (terraces that are not irrigated and depend on monsoon rain). The cropping pattern in all land types is highly diverse (Table 1) . Although three crops per year have been adopted in Gharbari, Galkhet and Tarkhet, it has increased significantly in Galkhet from 1987 to 2009, compared to other land types. Since Galkhet has irrigation facilities, there is the possibility to increase the area under three crops. Thus Galkhet was chosen for this study which investigates factors explaining the adoption or non-adoption of AI at farmers' household level.
Collection of data
The Ansikhola sub watershed comprises a total of 12 wards from four VDCs (Village Development Committees), namely: Devitar (1 ward), Anaikot (3 wards), Nayagaon (6 wards) and Mahadevsthan (2 wards), and a total of 1038 households. The primary data were collected by means of a household survey, group discussions, and key informant interviews. A random sampling procedure was undertaken for the household survey. A sample of 315 households was chosen from the total of 1038 households in the watershed. A structured questionnaire, comprising both closed and open-ended questions, was prepared and pre-tested with respondents from the Cha watershed (a watershed with the similar biophysical and socio-economic conditions as Ansikhola) to ensure validity. The survey was conducted between April and July 2009 by two trained enumerators who interviewed heads of the sample households using the questionnaire. Detailed information was collected about their socio-economic conditions, institutional support, landholdings, distance of their land from the motor road, livestock holdings, cropping patterns, labor use, type and amount of fertilizer use, irrigation facilities, labor investment priority, and status of extension services. The data from five of the respondents were discarded since they did not hold any land under intensified agriculture with increased number of crops and use of chemical fertilizer. Hence out of 315 respondents, 310 were included in the analysis, accounting for about 30% of the total farmers in the watershed. Further discussions and interviews were held with groups of farmers and key informants. Qualitative information was collected through two group discussions that were conducted separately with men and women, to elicit open responses. The purpose of gathering the data was explained briefly at the beginning of each group discussion. Key informant interviews were undertaken with four elderly farmers (aged at least 60 years): two each from lowland and upland areas of the watershed. Direct field observations were also made to cross check the data obtained from interviews. The additional information was used in the analysis to complement the information gathered from the questionnaire.
Determination of dependent variables
AI in the mid-hills is characterized by triple annual crop rotations that incorporate shorter growing season varieties and no fallow period (Dahal et al., 2007; Westarp et al., 2004) . The national average number of crops per annum has increased from 1.6 in 1987 to 2.7 in 1990s for irrigated agriculture (Schreier et al., 1994; Panth & Gautam 1987) . Farmers in the study area are growing different types of crops such as rice, potato, maize, vegetables, wheat and millet (Table 1) . The most significant change in cropping patterns in Galkhet is the introduction of potato as a winter crop and spring paddy. The degree of adoption and diversity of crops, however, vary from one household to another and from one land type to another. This represents a typical feature of smallholder agriculture in developing countries where farmers are confronted with numerous production risks (Ellis, 1989; Thapa & Niroula, 2008) . Despite owning small landholdings, most farmers in the study area are strongly oriented towards market focused production. AI in the mid-hills is reflected by the fact that the typical two crops per year has been changing to three crops per year. Therefore, the number of crops adopted by farmers was considered to be an indicator of intensification and chosen as the dependent variable for adoption of AI model. The dependent variable for the adoption model indicates whether or not a farmer has adopted AI. In this study, a farmer who has adopted at least three crops per year was defined as an adopter. A value of 1 was assigned to respondents who adopted AI (the "adopters") and 0 to respondents practicing traditional agricultural system i.e. two crops per year (the "non-adopters"). Whether or not to adopt AI is influenced by different explanatory variables in this study (see Table 2 and section 2.4). Factors influencing the extent of AI by individual farm respondents were analyzed by using a stepwise linear regression model for which it was also necessary to determine a dependent variable. The "area used for cultivation of at least three crops per annum" was chosen as the dependent variable, which varied from one farm household to another. Those respondents who were cultivating a maximum of two crops per year were not included in the analysis.
Selection of explanatory variables
Initially, fifteen independent variables were considered for inclusion in the logistic regression model. A multivariate-correlation analysis was done to determine the co-linearity effect of the independent variables (Tiwari et al., 2008a; Paudel & Thapa, 2004) . Any independent variables with a high degree of correlation (r > 0.5) with each other and a low degree of correlation with the dependent variable were excluded from the model. This applied to the total amount of fertilizer used. Therefore, a total of fourteen independent variables were included in the logistic regression model (see Table 2 for further details). For the linear regression model, fourteen independent variables with no co-linearity were included since of the fifteen variables, landholding size (area used for cultivation of three crops) had been chosen as the dependent variable. 'Caste' is a dummy variable created using the scoring method and specifying the caste of the respondent. In the Nepalese context, the society is divided into three broad castes based on the profession of the people (Tiwari et al., 2008a; Paudel & Thapa, 2004) . A score of three was allocated to the upper castes (Brahmin/Chhetri), two to the middle castes (Newar & Janajati), and one to the lower castes (Damai, Kami etc.) . Historically the upper castes tend to be more engaged in agriculture compared to middle and lower caste people. However, the scenario has been changing recently as middle and lower caste people are beginning to adopt vegetable farming due to the direct benefits it offers (Tiwari et al., 2008b) . 'Gender' is a dummy variable (female=1; 0 otherwise) that is used to separate the sex of the respondents. Households headed by a male are expected to have greater chances of adoption than those headed by a female (Tiwari et al., 2008a) . 'Education' is a variable measuring the level of education of the respondent. It is hypothesized that education of the respondent is positively related to adoption of AI  educated farmers are more likely to be early adopters (Nkamleu & Adesina, 2000) . 'Occupation' is a dummy variable (only agriculture=1; 0 otherwise). The major occupations of the respondents are agriculture; agriculture and business; agriculture and service holders; and teacher. It is hypothesized that farmers whose main occupation is agriculture are adopters of AI. 'Distance', a continuous variable, is the distance to farm plots from the farm house, measured in km. The closer the plot is to the dwelling, the greater are the possibilities of supervision by the farmer's family (Xuefeng et al., 2008) . It is hypothesized that the higher the 'crop yield' from maize and rice, the greater is the possibility of their adoption, with increased cropping frequency. Thus farmers are expected to adopt AI when the farm plot is closer and the yield is higher. 'Agricultural labor input' refers to the total number of laborers involved in the farming activities. Sufficient labor availability often enhances the intensification process. 'CF distance' measures the distance from the homestead to chemical fertilizer stores. A distant market may hinder timely access to the supply of agro-inputs (Adesina, 1996) . Thus it is hypothesized that the adoption of AI and use of chemical fertilizers is negatively related to greater CF distance. Farmers owning larger landholdings may be able to invest in new technologies and thus achieve better returns. Thus it is expected that 'landholding size' is positively related to the adoption of AI. 'Income' measures the net income accrued from selling vegetables and cereals. It is hypothesized that higher income implies the ability to invest in crop intensification and to bear the associated risks, thus positively influencing adoption. It is also expected that larger 'cattle herd size' increases the amount of manure produced and thus positively influences the intensification process. The variables 'access to credit' and 'help from extension workers' are dummy variables (yes=1; 0 otherwise) that specify if the farmer has received credit for agricultural activities, or assistance from extension workers respectively. Both variables are hypothesized to positively influence the adoption of AI (Table 2) .
Model specification
Binary logistic regression model: Adoption of AI The objective of the research was to understand the degree and the trend of the relationship between dependent and independent variables in terms of AI. Since the adoption of AI is a dichotomous or binary dependent variable, with the option of either adoption or non-adoption, the binary logistic regression model was applied as the most appropriate tool to investigate how each independent variable affects the probability of the occurrence of events (Long & Freese, 2006) . The logistic regression model explores the socio-economic, institutional and spatial factors influencing the adoption of AI. Thus it helps to explore the degree and direction of relationship between dependent and independent variables in the adoption of AI at the household level. Accordingly, AI in the study area is influenced by a set of independent variables and is specified as follows: Ln [P i / (1-P i )] = β 0 + β 1 X 1i + β 2 X 2i + ………+ β k X ki where the subscript i means the ith observation in the sample. P is the probability that a farmer adopts the intensification and (1-P) is the probability that a farmer does not adopt AI. β 0 is the intercept term and β 1 , β 2 ,………., β k are the coefficients of the independent variables X 1 , X 2 ,………., X k . Linear regression model: Extent of AI Since the dependent variable "area used for cultivation of at least three crops per annum" is a quantitative variable, the stepwise linear regression model was considered to be an appropriate analytical tool for this analysis. This model has a high ability to incorporate the effects of each independent variable on the dependent variable. The extent of AI measured as the area under the three cropping system by individual farmers, is influenced by a set of independent variables specified in the following model: Y = b 0 + b 1 X 1 + b 2 X 2 + ………+ b n X n where Y, the dependent variable, is the area under the three cropping system, b 0 is the intercept, and b 1 , b 2 ,………., b n are the coefficients of the independent variables X 1 -X n .
Results and discussion

Characteristics of adopters and non-adopters
Of the 310 respondents analyzed in this study, 63% of them were identified as adopters of AI. There was no significant difference in socio-economic condition (caste, gender, education, occupation and income) between adopters and non-adopters of AI. The continuous variables such as crop yield (composite yield of maize and rice), labor input, irrigation and landholding size, were significantly higher among adopters. The chi-square tests show that access to credit is significantly higher among adopter farmers (Table 2) .
Factors motivating farmers to adopt intensification
Farmers reported eight major factors which motivated them to adopt three crops, including availability of high yielding varieties, a food deficit situation, market value of the crops, access to chemical fertilizers, access to pesticides, access to labor, irrigation facilities and access to the motor road (Fig 2) . Of these eight factors, farmers were asked to rank their top three factors as first, second and third based on their own priorities. The first, second and third priorities were then coded respectively with values of three, two and one, and the total priority was calculated by adding these values. Results show that forty-four percent of the respondents mentioned that a food deficit situation for more than three months motivated them, and thus their wish to maximize food for own consumption was the main reason for adopting three crops. Twenty nine percent of the respondents mentioned that the establishment of irrigation canal in the watershed was the onset point for the introduction of cereals, and therefore they were influenced to adopt this innovation. Thus irrigation facility was the second highest factor that motivated farmers to adopt three crops a year. Fifteen percent of the respondents indicated that the higher market value of production was the third major reason motivating them to grow three crops. Table 3 shows the indicators, magnitude and statistical significance of the estimated parameter for adoption using the logistic regression model. The log likelihood is 222 and overall, the model correctly predicted 86% of the variation in the adoption behavior of the farmers. The model output reveals that eight variables positively influenced, and six variables negatively influenced the adoption of AI. However, statistically, five out of the total fourteen variables significantly influenced the adoption of AI. Four of the five significant variables had a positive influence on the adoption of AI, namely: irrigation, crop yield, landholding size, and access to credit (Table 3) . This shows that farmers with a larger landholding size who were satisfied with the yield of crops have an inclination to shift from traditional to intensified agricultural systems. Likewise, irrigation facilities and credit access motivated farmers to adopt AI. In contrast, the distance to the chemical fertilizer store had a significant negative influence on the behavior of farmers towards the adoption of AI. The magnitude of the regression coefficient indicates that positively influencing factors have more influencing power on the adoption of AI than does the negatively influencing factor. The adoption of any agricultural innovation is influenced by factors such as characteristics of the farmers, characteristics of the innovations, and social circumstances (Rogers, 1995) . Results of this study show that irrigation facilities is the most significant factor influencing adoption, in this case, a tendency towards increased adoption of a three cropping system. Discussions with the separate male and female groups revealed that AI in the study area started with the introduction of irrigation canals in 1954. Although sugar cane had already been used by some farmers before the irrigation canals were constructed, from the mid-1950s farmers began planting cash crops like tobacco and sugar cane more widely. Likewise, rice and wheat cultivation was introduced to Khet lands after the irrigation facility was established. Later, potato and spring paddy were also introduced. In fact, irrigation was the main reason for the onset of intensified agriculture in the watershed (Dahal et al., 2009) . Although the introduction of the irrigation canals motivated farmers to adopt different crops, the system became inadequate as AI increased. Farmers in the area observed how an NGO called CEAPRED (the Center for Environmental and Agricultural Policy Research, Extension & Development) implemented micro-irrigation schemes in nearby watersheds. Farmers in the Ansikhola watershed were then able to benefit from expanded and improved irrigation facilities with the assistance of the same project. This indicates that irrigation, as one of the four input priorities set by the government in the Agricultural Perspective Plan, is contributing to the adoption of crop intensification among farmers. Notably, the aim of increasing food production and raising farmers' economic conditions through AI can be enhanced by promoting irrigation schemes. The provision of support services, such as credit, has been shown to increase the adoption of improved technologies (Paudel & Thapa, 2004; Tiwari et al., 2008a) . Farmers without cash and no access to credit find it very difficult to obtain and adopt new technologies (Teressa, 1997) . The results of this study indicate that the variable 'access to credit' has a positive and significant influence on the likelihood of adoption of AI, which is consistent with reports from previous studies (Katungi et al., 2011; Hazarika & Alwang, 2003) . Our group discussions and direct observation revealed that some innovative farmers run local retail fertilizer shops. Such retail shops, and other intermediaries such as vegetable collectors, retailers, and commission agents provide fertilizer on credit, particularly during times when it is in short supply elsewhere, or as part of a deal that farmers sell their produce to them at a favorable rate. The vegetable producers' cooperative at Kuntabesi encourages farmers to cultivate vegetables and provides credit to its members, since few farmers in the study area are able to obtain credit from the Agricultural Development Bank. A similar community project, run by CEAPRED, trained farmers in aspects such as vegetable production, vegetable marketing, plant protection, nutrition management, cooperative management etc. During their initial project period, farmers are provided with free vegetable seeds, while in subsequent years, CEAPRED provides them with credit facilities in order to promote vegetable farming. Thus, farmers who have access to credit can minimize their financial constraints and buy agricultural inputs more readily. Katungi et al. (2011) showed that farmers with access to credit applied 52 kg/ha more fertilizer than those who did not. In Malawi, the national fertilizer policy led to a substantial increase in fertilizer application, which in turn has led to a rapid increase in food production (Dorward & Chirwa, 2011) . This evidence implies that agricultural policy should target the provision of credit facilities in order to encourage the adoption of AI. There are mixed findings in the literature on the influence of landholding size on households' decisions whether or not to adopt new technologies (Kassie et al., 2009; Waithaka et al. 2007; Coady, 1995) . However, this study found that landholding has a positive and significant relationship with the adoption of AI in two different ways. Firstly, the size of the landholding directly influences the amount of cash income that farmers are able to accrue by cultivating commercial vegetables. Secondly, farmers with larger landholding size can more easily bear risks such as crop failure, and can better afford expenditure on farm machinery, by virtue of their higher income. The result is consistent with findings from Nepal & Thapa (2009) . Modern farm machinery contributes to utilizing lands more efficiently. We conclude that farmers who have relatively large landholdings will be more willing to adopt AI. The results of the binary logistic regression model show that the distance of the homestead from the chemical fertilizer store has a significant negative influence on the adoption of AI. Farm houses located further away from the market are expected to face greater difficulties in obtaining timely access to the supply of agro-inputs. The finding is consistent with other study (Adesina, 1996) . These days the majority of the farmers buy fertilizers from local retail fertilizer stores and cooperatives (Fig 3a) , and some farmers even run local retail fertilizer stores at Kuntabesi, which is the nearest local market. Otherwise farmers would have to buy chemical fertilizers from the nearest towns, Banepa and Nala, which are approximately 13 km from the study area (Fig 3b) . Due to the bulky nature of farmyard manure and the high transportation costs for its use in distant lands, farmers are more likely to use such manure in nearby homestead lands (Nkamleu &Adesina, 2000) . For Khet lands that are far from the farm houses, nutrient input is supplied mostly through the application of chemical fertilizer. The proximity of the chemical fertilizer store thus enhances the availability of chemical fertilizer, leading to greater adoption of crop intensification.
Analysis of determinants of the adoption of AI
Factors influencing the extent of AI
Fourteen independent variables were included in the stepwise linear regression model and were significantly correlated with the extent of AI. Both R and R squared values increased with the addition of independent variables and significantly explain the model (Table 4 ). The final model with three independent variables, namely total amount of fertilizer used by farmers, net income from cereals and vegetables, and distance to the chemical fertilizer, store explains 78% of the variation in the extent of the area under crop intensification. The total amount of fertilizer used by farmers has the highest explanatory power (nearly 97%) for the variation in the extent of AI (Table 4) . The area under AI varied from one household to another. The three factors, namely: amount of chemical fertilizers, net income from cultivating vegetables and cereals, and distance to chemical fertilizer store, significantly explained the variation in the extent of AI in the study area (Table 5) . Of the three significant factors, the amount of fertilizer applied appears to be the most influential, with a unit increment leading to an increase in the extent of area under AI by about 0.87 units. The net income from cereals and vegetables is the second most important variable, with a unit increment leading to an increase in the extent of area under AI by about 0.13 units. Many studies in the literature reveal that the application of chemical fertilizers led to diminishing productivity and soil fertility, resulting in low crop production in the long term (Bajracharya, 2002; Karki 2006) . However, in this study area there is an increasing tendency to apply chemical fertilizer to cash crops like potato, bitter gourd, tomato, etc. Farmers accrue cash income by selling vegetables due to the high market value of these crops. Thus, the increasing application of fertilizers measured in kg per ha and the net income accrued from selling cereals and vegetables due to the high market value of these crops, imply tendencies towards increasing the area under the three cropping system. The results of this study reveal that a unit increase in the distance to the chemical fertilizer store has a negative change by about 0.1 units in the area under the three cropping system, suggesting that farmers do not practice intensive agriculture when chemical fertilizers have to be bought from distant fertilizer stores. This is a sensible correlation, which was expected. About three decades ago, farmers had to buy chemical fertilizers from the town market which is more than 13 km away from the study area, and thus intensive agriculture was not evident at that time. As retail fertilizer stores became available locally, for example at Kuntabesi in the vicinity of the watershed, the tendency towards intensive farming has increased, suggesting an increase in the area under the three cropping system. This implies that farmers who can afford greater amounts of fertilizers due to shorter distance to the chemical fertilizer store have adopted larger areas under crop intensification. Thus in order to encourage farmers to increase areas under intensification, there should be an improvement in the timely supply of fertilizers in the local retail shops. Efforts should also be made to provide information on appropriate amount of chemical fertilizers to be used for the crops by improving agricultural extension services.
Conclusion and policy implications
This study analyzed various factors influencing farmers' decisions about the adoption of intensive agricultural methods. The findings show that irrigation facilities, yield, access to credit, size of landholding, and distance to the chemical fertilizer store play influential roles in the adoption of AI. These findings reinforce the diffusion of innovations model (Rogers, 1995) in the sense that intensive agriculture is a gradual process and is influenced by several socio-economic and institutional factors. The Agricultural Perspective Plan (APP) of Nepal (APP, 1995) prioritized irrigation, fertilizer use, technology, and infrastructure in order to increase production through yield-increasing technological changes, more intensive use of land, and switching to high-value crops. This study shows that the amount of fertilizer application, income from vegetables and cereals, and distance from the chemical fertilizer store explain the variation in the area under AI in the Ansikhola watershed in the central mid-hills of Nepal. Thus the availability of resources, the institutions through which resources are accessed, and the policy context all influence the path of AI. As can be seen from several studies, there seems to be a difference in the relative importance of factors determining land users' farming decisions. The relative significance of influencing factors may also vary for farmers under varying socio-economic and agro-ecological conditions. The results of this study have significant policy implications for sustainable agricultural intensification in the study area and in other mid-hill watersheds under similar bio-physical and agro-ecological conditions. The focus of the Agricultural Perspective Plan of Nepal on capital-led paths of intensification, and the emergence of recent market opportunities have increased the application of chemical fertilizers more than any other interventions. The majority of farmers in the area are inclined towards a disproportionate use of nitrogenous fertilizers like urea, rather than N, P and K fertilizers, mainly due to the low price of urea and ignorance about the balanced use of fertilizers. Many farmers showed a concern about the lack of soil nutrients, which may imply that the extension services have weakened and extension agents lack the incentive to provide proper guidance to farmers. Thus, sustainable agricultural intensification can be achieved by improving extension programs (inputs, new technology), credit provision, infrastructural services and the promotion of irrigation facilities. 
